the adoption of innovations has produced a body of literature that is somewhat inconsistent in terms of the impact of covariates on organizational innovativeness. This paper presents the Split-Population Tobit duration (SPOT) model to incorporate two conceptually distinct dimensions of innovativeness in a single framework, namely the timing of adoption and volume of adoption. Rather than utilizing i diffuiion model specification based on word-of-mouth and social contagion effects, the present approach uses a growth model specification and specifies a general function of time to describe the distribution of adoption timing. Estimation and several validation exercises . performed on a data set describing the diffusion of personal computers across a sample of over 3000 U.S. firms provides strong support for the superiority of the SPOT model over models that are derived from restricted conceptualizations of innovativeness. The empirical work, albeit modest due to data availability, tests the impact of covariates such as firm-size and decision-centralization on the dimensions of innovativeness and sheds light on some inconsistent findings in the innovation adoption literature.
Subsequently, the extended SPOT model (EXT-SPOT) is derived to incorporate repeat purchase volume and timing in the SPOT framework. Limitations, future research directions and implications for the practitioner are discussed.
Isolating the Deterainants of Innovativeness: A Split-Population Tobit (SPOT) Duration Model of Timing and Volume of First and Repeat Purchase
Recognizing that the actual benefits of innovations are realized only as they diffuse through the product-market, researchers have long sought to understand the features that characterize, and the forces that govern, the diffusion of innovations (e.g., Bass 1969; Mahajan, Muller and Bass 1990; Rogers 1983 ). In the two decades following the pioneering Bass model (Bass 1969) , various aggregate (market-level) analytic models of innovation diffusion have been developed (see Mahajan, LMuller and Bass 1990 for an excellent review). In a largely independent direction, marketing and consumer behavior scholars have focused on the adoption of technological innovations at the organizational level (e.g., Gatignon and Robertson 1989; Robertson and Gatignon 1986) . Researchers in this stream have been mainly preoccupied with uncovering the correlates of organizational innovativeness. 'Ihe marketing implications from this stream of research are that correlates of innovativeness can be useful in segmenting business markets, allocating scarce resources, and in forecasting the rate of adoption and long-run market potential.
Three inter-related considerations that cut across the two streams motivate the present research. First, innovation diffusion research to date has focused mainly on inter-firm diffusion and emphasized aggregate market response.
Consequently, research in this tradition has not explicitly dealt with innovativeness at the individual adopter level. Implicitly, however, timing of adoption is identified as a dimension of innovativeness. All model building efforts postulate that an "innovator" adopts the innovation "early" (Mahajan, Muller and Srivastava 1990) . Nevertheless, almost all applications have assumed adoption to be single-unit purchases, with each potential adopter buying only one unit of the product (Mahajan, Muller and Bass 1990) . Because all adopters have been considered homogeneous with respect to the volume of adoption, micro-level analysis attempting to model differences across firms in intra-firm diffusion has been largely neglected (Sinha and Chandrashekamn 1992) . As Mahajan, Muller and Bass (1990) highlight, sdoption data (number of units adopted) must be linked with the timing of adoptions so that the analysis explicitly takes into account the multiple-unit adoption by potential adopters. Indeed, knowledge of the unconfounded and individual-level correlates of timing and volume of adoption can be very valuable to a marketing manager who is faced with allocation decisions in the launch of a new product.
Second, innovation research has focused almost exclusively on the firstpurchase and ignored repeat purchase behavior' (Mahajan, Muller and Bass 1990) .
Focusing only on first-purchase can lead to limited insights and erroneous conclusions regarding long-term adoption level in the case of new products that rely on repeated purchases (Urban, Hauser and Dholakia 1987) .
It is of interest, \ therefore, to model adoption behavior by examining repeat-purchase in addition to first-purchase.
The third and substantive motivation is that the extant innovation adoption literature is somewhat inconsistent in terms of the impact of covariates on organizational innovativeness (Downs and Mohr 1976; Gatignon and Robertson 1989) . The present analysis indicates that inconsistencies emerge, in part, due to an incomplete conceptualization of innovativeness. Importantly, because the timing and volume of adoption are conceptually distinct, ignoring one or the other dimension can lead to confounded and biased estimates for the impact of covariates. Research that simultaneously considers the salient dimensions, will add complexity and enrich our theoretical understanding of innovativeness and the adoption process.
. The paper is organized as follows. The next section presents a brief overview of the adoption process dynamics, and identifies the timing of adoption (the "when" issue) and the volume of adoption (the "how much" issue) as the salient dimensions of innovativeness. Based on the conceptual arguments, we develop the Split-POpuiation Tobit duration (SPOT) model, to incorporate the two distinct dimensions of innovativeness in a single framework. The SPOT model does not utilize a diffusion model specification baskd on word-of-mouth and social contagion effects (e.g., Bass 1969) . Rather, following reliability engineering models (Kotler 1971; see Sinha and Chandrashekaran 1992 for earlier applications), the present approach uses a growth model specification, and specifies a general function of time to describe the distribution of adoption timing. Focusing on first-purchase, we compare the SPOT model to models that fail to consider both timing and volume of adoption. Importantly, the estimates of the impact of covariates on the timing and volume of adoption from the SPOT model will be unbiased and efficient. This enhances the validity of empirical tests.
Next, we present an empirical application of the SPOT model using data that describes the diffusion of personal computers (PCs) across a random sample of over 3000 U.S. firms. Here we assess the impact of 'organizational variables such as firm-size and decision-centralization on the dimensions of innovativeness.
Additionally, we perform several validation exercises to establish the superiority of the SPOT model over models that are derived from restricted conceptualizations of innovativeness. In turn, we highlight the differences in findings that emerge from various conceptualizations of innovativeness. The empirical work, albeit modest due to data availability, sheds light on some inconsistent findings in the innovation adoption literature.
Subsequently, we derive the extended SPOT model (EXT-SPOT) to incorporate timing and volume of both first and repeat-purchase in a single framework. The related empirical work explores the impact of organizational variables and firstpurchase dynamics on the first repeat-purchase.* We conclude the paper by noting the limitations of the approach, and by discussing future research directions.
Modeling the Impact of Covariates on the Timing and
Volume of Adoption --The SPOT Model
Innovativeness and the Adoption Process
In the face of uncertainty regarding product attributes, price, etc., firms maximize the utility or benefit from the product. Adoption occurs once the perceived utility exceeds a status-quo. Consistent with decision-theoretic models of innovation adoption (e.g., Chatterjee and Eliashberg 1990) , the variation across firms in learning (and utility updating) results in an observed variation in adoption times. In addition, the marketing and management strategy literature Almost all applications to date have assumed that every adopting unit adopts only one unit of the innovation (Mahajan, Muller and Bass 1990; Sinha and Chandrashekaran 1992) . Given likely adoption, however, heterogeneity among adopters results in variations in the volume of adoption. From an empirical view point, the additional information regarding the heterogeneity of adopters will result in greater efficiency and power in estimating the impact of covariates on the utility underlying the adoption decision.
The researcher, however, observes the process in a time window (O,T] .
Observationally, the adopters in the sample have positive status-quo-adjusted utilities and have implemented their adoption decision before time T. Some of the non-adopters in the sample, however, might eventually adopt but will implement their decision after time 7. Consequently, observing adoption volume is crucially dependent on the timing of adoption. Moreover, timing of adoption is conceptually relevant only for firms that will eventually adopt (and who differ in their volume of adoption). Thus, to better understand adoption behavior and innovativeness, research must simultaneously focus on the timing and volume of adoption.
Model and data structure
We begin by assuming that the timing of adoption, measured by first-purchase duration T, is a random variable characterized by the c. Two issues warrant comment. First, the likelihood function is derived under the assumption of statistical independence between Ui and ei. Violation of this assumption will result in biased parameter estimates. A sample test of the data, however, verifies that this association is very weak.3 Nevertheless, the approach does not involve separate estimation of the adoption timing and volume parameters--maximizing Lspor y ields contemporaneous estimates for the impact of covariates on the timing and volume of adoption. Second, eventual adoption probability is a . coarse index of the volume dimension, any covariate associated with volume is related, in a similar manner, to eventual adoption probability.
The SPOT model as a general framework
The logical case for the SPOT model is strong because it is more comprehensive and efficient than models that are restricted in their conceptual underpinnings.
This is important from a theory testing view point because the SPOT model yields unconfounded and efficient estimates of the impact of covariates on the various dimensions of innovativeness. By simultaneously considering the timing and volume of adoption, the SPOT model explicitly recognizes that a firm could be a current non-adopter either because it will never adopt (yi* < 0) or because it is slow to implement an adoption decision (i.e., yi* > 0 and ti* > z).
Consequently, it is more general than models that conceptualize innovativeness as one of the following: (a) probability of early adoption (probit model), (b) volume of adoption (tobit model), (c) timing of adoption (basic duration model), and (d) timing and probability of eventual adoption (split hazard model; Sinha and Chandrashekaran 1992) . Table 1 presents a comparison of the relevant models and highlights the deleterious effect of the assumptions regarding the adoption process made by the various restricted models.
[Insert Table 1 Abobt Here]
In the case of the probit, tobit, and basic duration models it is not clear whether the analysis yields estimates for the impact of covariates on timing or on the utility associated with the innovation. In essence, the impact of covariates on timing of adoption will be confounded with the volume of adoption. The split hazard model assumes no variation in the volume of adoption, leading to an efficiency (information) loss compared to the SPOT model. This in turn could result in erroneous conclusions regarding the impact of covariates. Furthermore, the split hazard model can be shown to be a special case of the SPOT model.4
The SPOT model, however, does not nest the tobit, basic duration or the split hazard model (see Appendix B). Consequently, we cannot perform likelihood ratio tests to establish the superiority of the* SPOT model. Furthermore, traditional non-nested tests such as those based on the AIC or Likelihood-8 Dominance Criterion (Pollack and Wales 1991) assume that the competing models are calibrated on the same data. In this case non-nested tests are not feasible because the SPOT is the only model that uses both timing and voluime data.
Finally, in terms of predictions, the SPOT model is the only one that can predict whether, when and how much of adoption takes place at the individual level. In turn, these predictions can be aggregated to yield the insights at the product-market level in terms of (a) aggregate diffusion time path, and (b)
potential both in terms of number of adopters and number of units of the product.
.
Empirical Application of the SPOT Model
The data
The data used to calibrate the SPOT model come from a commercial survey, 
Variables and some expectations
Although the database is extremely detailed in terms of the SIC codes covered, it is limited in terms of the number of covariates that are included. Mahajan and Schoeman 1977; Baldridge and Burnham 1975; Levin, Levin and Meisel 1987; Sinha and Chandrashekaran 1992; Robertson and Wind 1980) . A similar state characterizes the literature focusing on the effects of decision centralization on innovativeness (see Gatignon and Robertson 1989) . Limited research has been explicitly directed at the relationship between the proportion of white collar employees (PWC) and innovativeness. Nevertheless, PWC has served as a surrogate measure of the degree of education and cosmopolitanism of employees, both of which have been posited as being positively associated with innovativeness in terms of the volume of adoption (Baldridge and Burnham.1975 ).
We expect that while the Schumpeterian hypothesis (large firms adopt more) governs firm size effects on adoption volume, with regard to adoption timing, bureaucratic inertia would suggest that small firms are more innovative because they learn, implement decisions and, therefore, adopt quicker (Baldridge and Burnham 1975) . Because decentralization facilitates effective decision implementation by reducing time delays in information transfers that centralized decision-making structures often evidence (e.g., Govindrajan 1988), we expect that decentralized (vs centralized) decision-making structures will be associated with earlier adoption. In turn, because decision-centralization is not likely to be associated with the utility for the innovation, we hypothesize no impact on the volume of adoption. Finally, we expect that while PWC will be positively related to the volume of adoption, it will not be related to the time taken to adopt.'
Parametrizing adoption times
Observe in Figure 1 that the empirical density function for adoption times is generally monotonically increasing (the hazard function was also observed to be in monotonically increasing). Because the peak of the di_ffusion process has not yzt occurred, a wide range of densities can provide a sufficient representation of the underlying distribution. The Weibull, log-normal and exponential functions were chosen to serve as parametric representations fpr ui in equation 1 (see footnote
2) -Basic duration models without covariates were calibrated, and on the basis the log-likelihood criteria, we retained the Weibull to serve as the parametric representation for ui (log-likelihoods of -635.02, -811.23 and -1116.9 for the Weibull, log-normal and exponential, respectively).
[Insert Table 2 and Figure 1 About Here]
Innovativeness as timing and volume of adoption: SPOT model results the mean time to adopt. Further, observe that while PWC is related to a greater volume of adoption, it is not related to the timing of adoption. In addition, DECISION-CENTRALIZATION is not significantly related to either dimension.
Regarding sector dummies, RETAIL is associated with an increase in mean time to adopt and WHOLES is associated with a greater volume of adoption.
[Insert Table 3 About Here]
Restricted conceptualizations of innovativeness
Here we report key findings for the hypothesized effects for models that fail to consider-both the timing and volume of adoption?
Innovativeness as timing of adoption alone: The basic duration model.
Yaximizing r_D (see Table 1 ) indicated that the overall model was significant (K*,= 106.54, p < 0.0001). While FIRM-SIZE was not related to the timing of adoption, PWC was associated with a decrease in mean time to adopt (b --0.201, p < 0.0001).
In addition, compared to CENT establishments, QDC establishments were associated with a decrease in mean time to adopt (b --0.066, p < 0.05); no difference between DECENT and CENT establishments emerged.
Innovativeness as early adoption probability alone: The probit model.
Maximizing h (see Table 1 ) indicated that the overall model was again significant Volume of adoption: Number of units adopted. This exercise was restricted to those models that explicitly consider the volume of adoption. Appendix C presents the derivation of the framework to predict the volume of adoption in the tobit and SPOT models. Two criteria, mean absolute deviation (MAD) and mean squared error (MSE), were used to compare the performance of the tobit and SPOT models. Results are presented in Table 4 . Across both criteria the SPOT model outperforms the tobit model in terms of predicting the volume of adoption.
. Further, observe that the tobit model predicts a mean adoption volume of 4.6 units, while the corresponding SPOT prediction is 4.1 units. The actual mean volume of adoption in the validation sample is 3.9 units.
[Insert Table 4 About Here]
The aggregate diffusion path. This exercise was restricted to those models that explicitly consider the timing of adoption. We predicted the expected number of firms that would adopt the innovation in each year for the basic duration, split hazard and SPOT models. We might expect the basic duration model to over estimate the number of firms adopting each year because the split hazard and SPOT models explicitly recognize that timing is relevant only for eventual adopters.
The results, presented in Figure 1 , confirm this expectation and clearly suggests that the SPOT model performs the best. Further, based on MAD and MSE criteria, the SPOT model emerges as the best predictor of the aggregate diffusion path.
Number of adopters.
In this stage, we classified the firms broadly as adopters or non-adopters. Classification criteria were defined based on the conceptualization of the adoption process (see Table 1 ). In the tobit model a firm was classified as an adopter if P"r(yi* > O), and in the basic duration model the criterion was adoption in the observation period, i.e., Pr(ti* 5 r). For, the SPOT and split hazard models, a firm was classified as an adopter only if it would . h eventually adopt, i.e., Pr(yi* > 0) and the decision is implemented in the observation period, i.e., Gr(ti* 5 T). We used two criteria to judge the performance of the models. First, we compared correct prediction rate (CPR) with the C,, criterion based on actual (observed) adoption status, as advocated by Morrison (1969) . Next, the results regarding the false positive, false negative and correct prediction rates were compared to those based on a naive probit model that explores early adoption and classifies a firm as an adopter if it adopts the innovation in the observation period, i.e., P*r(ti* 5 r). What is disconcerting is the large variation in the substantive conclusions across the various models. We briefly comment on why this happens. The basic duration and tobit models make severely restrictive assumptions, ignore one or the other dimension and yield confounded estimates. On the other hand the split hazard model assumes no variation in the volume.of adoption and suffers a loss of efficiency.
Providing evidence for increased efficiency of the SPOT model over the split hazard model, the standard errors of the estimates for P/a, in the SPOT model were found to be substantially smaller than those in the split hazard model;
in some cases more than ten times smaller. Further, except for the impact of decision-centralization on the timing dimension, the SPOT model provides support for our expectations and sheds light on some conflicting findings produced by L prior research, especially with regard to firm-size. The probit, basic duration and split hazard models found no impact of firm-size on the timing of adoption.
Once both volume and timing were modeled simultaneously, however, as in the SPOT model, a clearer picture emerges; large firms adopt more, but take longer. This intuitively appealing finding supports both the Schumpeterian and the bureaucratic In addition to the data corresponding to the first-purchase, the researcher will observe whether first repeat-purchase occurred in (ti,'] . A dummy indicator can be defined as Di = 1 if first repeat-purchase has occurred for the ith observation in (ti,T], and Di = 0, otherwise. If Di -1 (of course, Ci = 1), the 16 first repeat-purchase time tri and volume y,li will be documented. Finally, we observe Zri and Xri for all N observations. Of course, first repeat-purchase can occur for a fraction of firms with Ci = 1 and Di = 0, at some t,i > (T -ti), but the researcher will be unaware of this due to unavailability of data.
Likelihood function for the EXT-SPOT model. Appendix A presents a detailed derivation of the following expression for the likelihood of EXT-SPOT model: where Lfr,,y~pOT ( ' > is the likelihood for the first repeat-purchase. Evident from equation (7), estimation of ~~~which represents the impact of covariates on the timing and volume of first repeat-purchase can be accomplished by maximizing L frep-SPOT('fr) using those observations with Ci -1.7
Exploring the correlates of the timing and volume of first repeat-purchase
Definitions and descriptive statistics for the key first repeat-purchase variables are presented in Table 2 . Owing to the separability of the EXT-SPOT likelihood, the impact of covariates on the timing and volume of first repeatpurchase can be obtained by directly maximizing Lfrep_SPOT(~r,~r,utu,~~~) using the observations that have experienced first-purchase (Ci-1). The EXT-SPOT model was therefore calibrated on the 676 of the 1110 establishments in the estimation sample for whom first-purchase had occurred by the end of the observation period.
Parametrizing first repeat-purchase times. As before, the Weibull, lognormal and exponential functions were chosen to serve as the parametric representation for uri in equation (4). Basic duration models without covariates and with the above distributions were calibrated.
likelihood criteria, we retained the log-normal to serve as the parametric
On the basis of the logrepresentation for uri (log-likelihoods of -410.22, -330.29 and -470.27 for the Weibull, log-normal and exponential, respectively).
EXT-SPOT results. Table 3 presents the results from the estimation of the EXT-SPOT model pertaining to first repeat-purchase. Note that FIRM-SIZE is significantly related to both the timing and volume of first repeat-purchase.
Specifically, FIRM-SIZE is related to a decrease in the mean time to repeatpurchase and a greater volume of first repeat-purchase. Further, observe that while PWC is not related to the timing, it is related to a greater volume of first repeat-purchase. In addition, DECISION-CENTRALIZATION is not significantly related to either dimension. We also investigated the impact of first-purchase dynamics on first repeat-purchase. Note that as the time to first-purchase increases, time to first-repeat purchase decreases. The volume of first-purchase, however, has no impact on the timing of first-repeat purchase.
The relationship between first-purchase dynamics and first repeat-purchase volume is more complex; first-purchase timing and volume interact to produce patterns of first repeat-purchase volume. Specifically, and focusing only on the significant effects, observe from Table 3 that we can express the interaction in the following two partial derivatives: ay,,,*/aFCVOL -0.048 -O.O03*DUR, and ayrli */aDUR --0.003*FCVOL.
Clearly, firms that demonstrate large utility at first-purchase (i.e., large FCVOL) are associated with large utility at first repeat-purchase. This effect, however, reduces with longer first-purchase durations. Firms that buy few units of the innovation at first-purchase and do so late, buy fewest units at first repeat-purchase.
Discussion and Conclusion
The extant literature in the innovation diffusion modeling and innovation adoption traditions is vast and multi-disciplinary. Although the two traditions bear affiliation, 'I.. there has also been a lack of integration, to the detriment of both theory, which has remained imprecise, and models, which have remained limited in scope," as succinctly expressed by Gatignon and Robertson (1986, p.37 ).
Mahajan, Muller and Bass (1990) reflect a similar concern, highlight the need to develop aggregate models from individual adopti'on decisions, and suggest that duration-based models "may provide a unifying theme for understanding of covariate/marketing mix effects in diffusion models (p.20)." In this paper we proposed the duration-based SPOT and EXT-SPOT models that simultaneously examining the timing and volume of adoption. Because the models provide unconfounded estimates for the impact of covariates on the adoption process, they provide a framework within which hypotheses testing and forecasting can be accomplished.
Despite the interesting conceptual and managerial implications of the SPOT based models, it is important to recognize the limitations in the study. Some of these limitations point to important and interesting avenues of future research.
First, several assumptions were made in deriving the SPOT and EXT-SPOT models.
Assumptions of independence among errors (justifiable in this data set, see footnote 3), simplified the estimation. Introducing serial dependence in the context of a fully unrestricted error variance matrix would be more appealing, but whether the added complexity would be justified is an empirical question. In the case of the EXT-SPOT model, this would involve specifying and estimating fourvariate density and cumulative functions. Although current computing technology allows four-variate integrals to be optimized, specifying appropriate joint and conditional distributions becomes extremely complicated because individual errors have widely different parametric forms.
Next, although the data were detailed in terms of SIC codes covered, hypotheses regarding only three covariates could be tested. Information on several variables that may potentially impact the adoption process such as marketing mix variables, word-of-mouth effects and individual decision-maker variables ) were unavailable. It should be emphasized however, that this is a limitation of this particular application of the model and not of the general SPOT model itself. Together, however, the findings of the SPOT and EXT-SPOT provide insights into tke adoption process. For instance, findings regarding firm-size suggests that large firms are associated with late firstpurchase, early first repeat-purchase and large volume at both first-purchase and first repeat-purchase. These insights notwithstanding, the models isolated heterogeneity in timing and volume of adoption only due to some observed variables. Prior research (e.g., Heckman and Singer 1984) has highlighted the potential deleterious effects of assuming away unobserved heterogeneity, and has proposed ways to handle this. Incorporating unobserved heterogeneity in the SPOT models points to an area of future research.
Third, we highlight the discrete nature of the data. The mathematical forms used to model time taken to adopt are essentially continuous time models. The data, however, as is often the case in longitudinal analysis, are grouped in time (e.g., quarterly, annually, etc.). Almost all published research in the diffusion of innovations has used annual data. Work in biostatistics and biometrics has . 3n speculated that using continuous time models when the data are grouped may result in biased parameter estimates, where the extent of bias is expected to be larger as the grouping beccmes coarser (Prentice and Gloeckler 1978) . The extent of bias, however, is an empirical question and warrants further investigation.
Fourth, we recognize that the covariates were measured at a point in time.
Although prior research (see Sinha and Chandrashekaran 1992 for a discussion; see also footnote 6) has justified similar restrictions, extending the SPOT model to incorporate time-varying covariates on adoption timing and volume offers immense potential for more informed product launch and market response analysis.
Finally, we implicitly assume that the innovation itself does not change over the diffusion process. Although the assumption is often made (Mahajan, Muller and Bass 1990) , it may not completely capture the dynamics involved in the diffusion of technological innovations. Indeed, frequent improvements of existing technology could result in a diffusionCcurve with multiple inflexion points where the simple S-shaped curve may no longer be accurate. Because successive generations of technologies serve to increase market potential (Norton and Bass 1987) , assuming that the innovation is constant can lead to an under-estimation in the prediction of eventual adoption rates. Recent research has been directed towards modeling the diffusion of multiple generations of technology (Norton and Bass 1987) . Incorporating this issue in the SPOT model appears an interesting and promising area for future research.
To the practitioner, the SPOT model offers a framework within which to make decisions on product launch and perform subsequent market response analysis. In order to develop strategies and set levels for the various marketing variables, it is imperative that the practitioner be able to estimate the relationship between each strategic variable and the desired outcomes (adoption timing and volume in this case). The strength of the SPOT model is its ability to yield unbiased and efficient estimates of the relationship between exogenous variables and the timing and volume of adoption. In addition, the SPOT model offers insights in terms of the aggregate time-path of diffusion, the cumulative voiume of adoption and cumulative number of adopters. The approach, therefore, should give managers a framework with which to derive bases for segmentation, make informed resource allocation decisions while launching new products, and forecast the rate of adoption and long-run market potential. Important, however, is the availability of extensive micro-level data to perform estimation and validation. Although marketers of packaged consumer goods have access to mega data bases utilizing UPC technology, the same is not true for consumer durables and industrial goods (Urban and Star 1991) . Even in these industries, however, the trend towards collecting data at the individual level is evident--for example, Sears is now collecting data on each purchaser of durable goods electronically (Urban and Star 1991) . Such . data when subject to models based onccomprehensive individual behavioral processes can yield powerful insights into consumer behavior, market response and the management of key resources.
In conclusion, we note that it is not surprising that econometric models based on comprehensive individual-level process descriptions perform better than models that focus only on aggregate outcomes. Importantly, models that focus exclusively on aggregate outcomes may be mathematically parsimonious, but this parsimony suggests a degree of individual-level process homogeneity that may not exist in nature. To the marketing manager who wishes to know the relationship between sales and any covariate/marketing mix variable, we quote Urban and Star (1991, p. 152 , highlight in original):
While it is often useful to express this relationship in the form of an elasticity coefficient, graph or mathematical function, we must remember that market response is not a sterile mathematical value but rather the result of many individual consumer decision nrocesses.
The SPOT model is offered in this spirit. 
where H,, = (y,li -X,iP,)/U,,, Ht, = (lnt,i -Z,ib,)/U,", and H,, H, are defined above.
For the second group, the contribution to the likelihood will be given by: given by f[H,] will approach zero. Thus, the continuous product 1, in the SPOT model will tend to zero and produce an overall SPOT likelihood that tends to zero.
Hence, the tobit model is not nested in the SPOT model. Thus, for the tobit model, the predicted volume of adoption, E(yj*), is:
(W Few exceptions where repeat purchase has been investigated in the context of innovation diffusion are Kamakura and Balasubramanian (1987) , Yahajan, Wind and Sharma (1983) , Norton and Bass (1987) , and Olson and Choi (1985) . The focus, however, has mainly been on the aggregate market level. Helsen and Schmittlein (1993) use multiple spell hazard models to analyze trial/repeat processes. They, however, ignore the volume of trial and repeat purchase.
2. For instance, a standard unit normal density implies that adoption times are log-normally distributed and an extreme-value density given by f[u] = exp(u -e") yields a Weibull distribution for adoption times (Kalbfleisch and Prentice 1980) . If there is no variation in yi the volume of adoption, this probability is equal to one. In this case, the SPOT likelihood reduces to hpor(b ,@/~,,a,) -fl, WJvlf [H,l n,(l -~~J,lF~J,lL which is the likelihood of the split hazard model (see Table 1 ).
5. Although the adoption data was available for the entire data period, measures for the covariates were available only for the end of the time period. Thus, similar to prior efforts (e.g., Rose and Joskow 1990; Sinha and Chandrashekaran 1992) , we work under the assumption that the variables did not vary significantly over the time period of observation. the impact of covariates on the timing and volume of first-purchase, first repeat-purchase, second repeat-purchase and so on, L srep-SPOT identifies the second repeat-purchase and so on. b : estimates for (/Vu61 in SPOT, and (ptiurc) in EXT-SPOT; positive values imply an increase in the volune erd probability of eventual adoption.
1.)
': estimates for 6, with Weibull density in SPOT, and for Jr, with Lognormal density in EXT-SPOT; positive values imply an increase in the timing.
u Table 4 Results 
36.1
A dash in a column indicates that the model does not consider the dimension in question and cannot make predictions in this regard. The observed mean volume of adoption in the validation sample was 3.91.
C.
The probit and basic duration model assume that the eventual adoption rate is 100%; they do not estimate this parameter. In the validation sample C,,__ = 50.6%, Cpro = 50.01%. 
